Clarifying hydrologic behavior, especially behavior related to extreme events such as flash floods, is vital for flood mitigation and management. However, discharge and rainfall measurement data are scarce, which is a major obstacle to flood mitigation. This study (i) simulated flash floods on a regional scale using three types of rainfall forcing implemented in a land surface model and (ii) evaluated and compared simulated flash floods with the observed discharge. The three types of rainfall forcing were those observed by the Automated Meteorological Data Acquisition System (AMeDAS) (Simulation I), the observed rainfall from the Ministry of Land, Infrastructure and Transportation (MLIT) (Simulation II), and the estimated rainfall from the Multi-purpose Transport Satellite (MTSAT), which was downscaled by AMeDAS rainfall (Simulation III). MLIT rainfall observations have a denser station network over the Ishikari River basin (spacing of approximately 10 km) compared with AMeDAS (spacing of approximately 20 km), so they are expected to capture the rainfall spatial distribution more accurately. A land surface model, Minimal Advance Treatments of Surface Interaction and Runoff (MATSIRO), was implemented for the flash flood simulation. The river flow simulations were run over the Ishikari river basin at a 1-km grid resolution and a 1-h temporal resolution during August 2010. The statistical performance of the river flow simulations demonstrated that Simulation I was reasonable compared with Simulation III. The findings also suggest that the advantage of the MTSAT-based estimated rainfall (i.e., good spatial distribution) can be coupled with the benefit of direct AMeDAS observations (i.e., representation of the true rainfall).
Introduction
Clarifying the hydrological behavior of a catchment area, especially behavior related to extreme events such as flash floods, is vital for flood mitigation and management. Some studies have focused on flash flood mitigation, including risk estimation [1] , early detection [2] , and severity [3, 4] . The magnitude of peak discharge and time to peak discharge during flash flood events are important parameters that should be assessed to help mitigate their disastrous effect. This information is usually derived by analyzing discharge measurements. However, problems arise when the catchment is ungauged because the gauges are damaged by hazards. Rainfall-runoff models are used to simulate discharge as an alternative way to obtain hydrologic data.
Rainfall observation network data are commonly employed as input data for rainfall-runoff models. However, these data tend to be sparse and unevenly distributed in space. Other challenges to developing high-density and well-configured rain gauge networks include limited funds, site accessibility, and network purposes [5] . Radar can be used to obtain the spatial distribution of rainfall, but this method is considered too expensive; high mountainous ranges can also block radar signals. Geostationary-based rainfall estimation is an alternative way to provide continuous rainfall information, particularly for ungauged catchments [6, 7] . Geostationary satellite images blended with microwave satellite rainfall measurements are preferable to the sole use of microwave satellite-based rainfall measurements, because geostationary satellites provide the advantage of capturing global coverage with a continuous acquisition time, which is very useful for monitoring purposes. Geostationary-based rainfall estimation can be coupled with a rainfall-runoff model to predict the flood discharge produced by a catchment [8] .
We conducted flash flood simulations based on a physical hydrological model called the Minimal Advance Treatments of Surface Interaction and Runoff (MATSIRO) [9] . MATSIRO uses physical processes to calculate the hydro-meteorological characteristics of a region, as expressed by energy balance and water balance models. It is a free and open source hydrological model which is possible for the user to make some modification. Several modifications of MATSIRO had been conducted such as incorporation of anthropogenic water regulation modules which is significantly improves river discharge simulation in the heavily regulated global river basins [10] and groundwater representation to simulate the major groundwater variables in the model [11] . The coverage of those studies is a global scale mainly in 1° × 1° spatial resolution. Here, the river flow estimation module in MATSIRO was applied for flash flood simulation on a regional scale, with a grid size is refined of approximately 1 km × 1 km.
In this study, we had two objectives. The first was to simulate flash floods on a regional scale using three types of rainfall forcing i.e., observation by sparse station, observation by dense station and satellite rainfall estimation which is downscaled by rainfall from sparse observation. Considering the density of rainfall network influence the accuracy significantly, our hypothesis is that the denser rainfall network will show the best performance. However, to arrange a dense and evenly distributed rainfall network could be costly and possibly not all the area can be covered due to accessibility reason. Here we combined the satellite rainfall estimation with the sparse rainfall data through downscaling procedure. We expect that the downscaled rainfall estimation will have a comparable performance with dense rainfall network, but operationally it will more cost effective than arranging a dense rainfall network. The second objective was to compare and evaluate the simulated river discharge with the observed discharge.
Brief Description of the MATSIRO and Forcing Data Preparation
MATSIRO simulates the energy balance that is determined separately at the ground surface and canopy surface, and the energy and water exchange between the ground surface and the atmosphere [9] . To simulate the energy balance as well as the water exchange, MATSIRO uses two components: LNDFLX for determining the parameters and calculating the surface fluxes, and LNDSTP for treating the ground processes. The schematic diagram of MATSIRO is shown in Figure 1 and it is explained as following. LNDFLX assesses external parameters that are prescribed as horizontal distributions (maps), such as land cover type (LC), soil type (SOIL), leaf area index (LAI), ground albedo (GALB), surface mean slope (SLOPE), and standard deviation of altitude in a grid cell (ELEVSTD). Input variables such as precipitation, wind velocity (U), atmospheric temperature (T), humidity (Q), pressure (P), and downward radiation (RD) variable are set. Next, the albedo, the aerodynamic resistance, the surface evaporation resistance and the stomatal resistance are evaluated based on the radiative transfer in the canopy, turbulent transfer, and photosynthesis. These input variables are used to diagnose the surface fluxes (the sensible and latent heat fluxes, the upward radiation, and the heat conduction into snow) and the surface energy balance (surface skin and canopy temperature).
LNDSTP calculates the canopy water budget, snow amount, runoff amount, and soil temperature and moisture are calculated based on precipitation (rainfall and snowfall) using the fluxes obtained by LNDFLX as the upper boundary condition. Here, the runoff is generated by considering four different mechanisms: (i) the ground water runoff (base runoff); (ii) the saturation excess runoff (Dunne mechanism); (iii) the infiltration excess runoff (Horton mechanism); and (iv) the overflow of the surface soil layer. This runoff is then routed through the river network using the Total Runoff Integration Pathways (TRIP) method [12] . By this process, a river flow accumulation is generated at every time-step, and the estimated river flow (discharge) can be observed at any position in the region, particularly in the outlet of the catchment.
The original and modified MATSIRO which is previously explained mainly used global data that is derived from global atmospheric data set such as the NCC data forcing, Global Soil Wetness Project (GSWP-2), International Satellite Land Surface Climatology Project-Initiative II (ISLSCP-2), and International Geosphere-Biosphere Programme, and vegetation properties [11] . For a regional scale study those of data was considerably too coarse. Therefore, we focused on acquiring MATSIRO forcing data using remote sensing techniques. The application of remote sensing is also intended to overcome the problems associated with the shortage of observed data. Several types of remote sensing datasets were acquired for the MATSIRO forcing: the Moderate Resolution Imaging Spectroradiometer (MODIS), Shuttle Radar Topographic Mission Digital Elevation Model (SRTM- DEM), Cloud and Earth's Radiant Energy System (CERES), and MTSAT images. Some primary and secondary data were also used, such as rainfall and meteorological observations, numerical weather prediction, and soil information.
Since we employed many different types of data with different spatial resolution and map projection, we performed pre-processing data by using aggregation, spatial resampling (disaggregation) and spatial interpolation techniques so as to they shared the same spatial resolution and projection. However, the impact of such pre-processing to the result was not discussed in this paper, because they were beyond to scope of this study. Table 1 briefly summarizes the data used in this study, including their source and pre-processing. 
Study Area
We estimated river flow in the Ishikari River basin, which is located on Hokkaido Island, Japan. However, we only compared flash flooding in four gauged catchments situated in the Ishikari River basin: Shirai, Bebetsugawa, Beiegawa, and Upper Ishikari (see Figure 1 ). Data for the year 2010 were used for the MATSIRO data-forcing preparation process.
Methods
MODIS data were used to acquire land surface parameters in MATSIRO. Several MODIS-based data products are relevant as MATSIRO data input: leaf area index (MCD15A3), surface albedo (MCD43B3), and land cover type (MCD12Q1). Because these data are mainly delivered in Hierarchical Data Format (HDF), which is not compatible with the MATSIRO, they were converted into plain binary format.
MATSIRO uses some topographical parameters, such as the surface slope and the standard deviation of altitude in a grid cell. These parameters can be extracted from a DEM analysis of SRTM-DEM data. Suppose the surface function of DEM is defined as z = f(x,y), where x and y are the grid location of the elevation z. The first derivative in the x and y directions is respectively defined as fx = df/dx and fy = df/dy. The slope angle is calculated as:
The standard deviation of subgrid topography in the grid box can be calculated using a standard deviation function during the aggregation process from the grid size of 90 m × 90 m to 1 km × 1 km. Another contribution of SRTM-DEM information into MATSIRO is related to runoff routing processes; this is made possible by implementing the TRIP, i.e., to generate the river flow direction and river flow accumulation.
Rainfall forcing data for June-September 2010 were estimated from MTSAT data. A statistical model using the MTSAT 10.8 µm channel data was implemented to estimate rainfall. A cloud type classification based on the MTSAT split window was implemented to detect Cumulonimbus (Cb) cloud [13] . The atmospheric environmental conditions, i.e., atmospheric vertical instability and the availability of precipitable water vapor that sustains Cb cloud development, were taken into account during the rainfall estimation process. Particularly for the convective rain, the statistical model was combined with the precipitable water and atmospheric vertical instability [7] . Because the estimated rainfall output preserved the native resolution of the MTSAT image (a grid of approximately 5 km), a statistical downscaling method was conducted to convert the data into a grid size of 1 km: the estimated rainfall from the MTSAT satellite was downscaled with the observed rainfall (hereafter, MTSAT downscaled).
The downscaling process combines the advantages of those two rainfall data capture systems. Rain gauge observations are the only direct source of rainfall data. However, these data are limited due to lack of distribution, particularly in remote areas. Satellite observations are indirect by nature, but they provide very good spatial coverage. By merging the benefits of these systems, the combined result is expected to be improved in accuracy, coverage, and resolution [14] . Discrepancy between the satellite-based rainfall estimation and direct observations from rain gauges can be reduced during the downscaling process through bias correction, which is based on (i) additive and (ii) multiplicative methods that are applied hourly to each station. The additive bias correction ( + rr ) and multiplicative bias correction ( * rr ) are respectively defined as [14] :
) ( The first term in both equations is the satellite-based rainfall estimation. The second terms in Equations (2) and (3) represent respectively the mean bias (represented by the bar) and both the additive and multiplicative biases between the observed and estimated rainfall for each station (denoted by superscript i). The procedure for performing statistical downscaling is as follows. The observed rainfall is interpolated using the inverse distance weight method on a 1-km grid size, with a limiting distance of approximately 10 km. The satellite-based rainfall is disaggregated from a grid resolution of 5 km to 1 km. Next, the difference between additive or multiplicative is calculated: the means of both the additive and multiplicative biases for each station can be calculated by applying a 3 × 3 summation filter, divided by the number of grid points containing the bias value. The downscaled bias-corrected rainfall can be calculated using Equations (2) and (3) for the additive and multiplicative values accordingly. Here, we selected one particular bias correction method for each point grid based on the minimum difference between the bias-corrected rainfall and the observed rainfall. For grid points outside the limiting distance of the interpolation, the original estimated rainfall was assigned.
Three simulations were performed to estimate the river flow using MATSIRO; these are summarized in Table 2 . A simulation using rainfall forcing data from the AMeDAS observation was conducted for 1 January-31 December 2010. This simulation generated a so-called 'restart file', which is the initial condition of the land surface hydrological condition for each time-step. The other simulations (MLIT and MTSAT downscaled rainfall) were conducted using the current restart file, but only during the period of boreal summer (1 June-30 September 2010). It is because the flash flood events mainly occurred during this period of summer. The estimated river flow was extracted from the river flow distribution at the outlet of the catchment and was finally compared with the observed discharge for August 2010. 
Results and Discussion
First, the performance of the downscaled MTSAT and AMeDAS rainfall was demonstrated by comparison with the MLIT rainfall. We selected MLIT rainfall as the benchmark because this includes a denser rainfall network than AMeDAS, particularly in mountainous regions. Figure 2 presents the distribution of the AMeDAS rainfall network (white dots) and MLIT rainfall network (black dots). Because MLIT data were characterized by a denser station network over the Ishikari River basin (spacing of approximately 10 km) compared with AMeDAS (spacing of approximately 20 km), it is likely more accurate than the other rainfall measurements, and likely represents the spatial distribution of rainfall more accurately. Figure 3a ,b present a scatterplot of the catchment average rainfall of MTSAT downscaled vs. MLIT rainfall, and AMeDAS rainfall vs. MLIT rainfall for the Shirai catchment. The catchment average rainfall was derived by calculating the average value of rainfall grid data which is extracted according to the catchment boundary. Similar scatter plots for the Bebetsugawa catchment are shown in Figure 3c,d , which indicate that the relationship between the MTSAT downscaled and MLIT rainfall is more accurate than the AMeDAS rainfall and the MLIT rainfall. This finding suggests that MTSAT can estimate rainfall downscaled by AMeDAS more accurately than AMeDAS alone, especially for mountainous regions. A comparison of the hourly estimated river discharge as the result of river flow simulations using MATSIRO with the observed discharge can be presented in two ways: graphical comparison, and comparison of statistical performance by measuring correlation, bias, and root mean square (RMS) [15] . Since the objective of this study is to simulate the flash flood by using several types of rainfall forcing, for the purpose of comparison we only consider a flash flood event which was occurred during a heavy rainfall event from 23 and 24 August 2010. Figure 4a-d show the peak discharge hydrographs for the Shirai, Bebetsugawa, Upper Ishikari and Beiegawa rivers, respectively. These flood events are classified as flash floods due to the short time to peak discharge and the relatively high peak discharge. From the Figure 4 , it can be examined that the time to peak of discharge is about 1 to 6 h and peak of discharge which is detected by simulation is about 1 to 2 h earlier than the observation. The graphical comparison of the river flow simulations demonstrate that estimating discharge using MLIT rainfall is the best in showing the peak discharge pattern, especially for the Shirai and Bebetsugawa rivers. This result is due to the fact that MLIT has a relatively dense rainfall network compared with AMeDAS, so it can more accurately represent the rainfall distribution. The second-best method for estimating discharge is using downscaled MTSAT, and the worst is using AMeDAS rainfall. These results are consistent with the previous finding, with regard for providing flash flood information about ungauged catchments, the use of downscaled MTSAT for rainfall forcing is more accurate than solely using AMeDAS rainfall. Since the mostly areas have faced problem in lacking rainfall networks, the downscaled MTSAT results may be useful to overcome such problem. MTSAT is able to represent the rainfall distribution well, but it is less accurate in predicting the amount of rainfall. This limitation was improved by adjusting bias based on observed rainfall, even when these are acquired with sparse station distribution. The graphical comparison was confirmed by a statistical performance calculation, as presented in Table 3 . This statistics are calculated only for the period of flash flood event i.e., 23 and 24 August 2010. Numbers that have been bolded indicate the most accurate statistics. The results suggest that discharge simulated using downscaled MTSAT is reasonably comparable with MLIT rainfall-based simulated discharge, and that both of these methods are much better than using AMeDAS rainfall alone as input forcing. 
Conclusions
A river flow simulation was conducted using the MATSIRO land surface model in the Ishikari River basin. Input forcing data were a combination of direct observations from the AMeDAS network and data derived from remote sensing. A statistical downscaling procedure was applied to MTSAT satellite-based rainfall estimation by merging these data with the interpolated AMeDAS rainfall. We compared the MTSAT downscaled and AMeDAS interpolated rainfall with the MLIT rainfall, which we assumed would represent the rainfall distribution more accurately than AMeDAS due itsthe denser station distribution. The comparison revealed that downscaled MTSAT is reasonably comparable with MLIT rainfall and is better than using AMeDAS data alone. The river flow simulations for the four catchment areas in the Ishikari basin demonstrate that using MLIT rainfall to estimate peak discharge provides more accurate results than the other methods. However, the downscaled MTSAT is better as input forcing in a physically based model, because its accuracy is roughly comparable with relatively dense rain gauge networks such as the MLIT. Moreover, many regions have sparse rain gauges, and this challenge can be overcome by merging these data with MTSAT rainfall estimation.
